Abstract. Semi-mechanistic pharmacodynamic (PD) models that capture tumor responses to anticancer agents with fidelity can provide valuable insights that could aid in the optimization of dosing regimens and the development of drug delivery strategies. This study evaluated the utility and potential interchangeability of two transduction-type PD models: a cell distribution model (CDM) and a signal distribution model (SDM). The evaluation was performed by simulating dense and sparse tumor response data with one model and analyzing it using the other. Performance was scored by visual inspection and precision of parameter estimation. Capture of tumor response data was also evaluated for a liposomal formulation of paclitaxel in the paclitaxel-resistant murine Colon-26 model. A suitable PK model was developed by simultaneous fitting of literature data for paclitaxel formulations in mice. Analysis of the simulated tumor response data revealed that the SDM was more flexible in describing delayed drug effects upon tumor volume progression. Dense and sparse data simulated using the CDM were fit very well by the SDM, but under some conditions, data simulated using the SDM were fitted poorly by the CDM. Although both models described the dose-dependent therapeutic responses of Colon-26 tumors, the fit by the SDM contained less bias. The CDM and SDM are both useful transduction models that recapitulate, with fidelity, delayed drug effects upon tumor growth. However, they are mechanistically distinct and not interchangeable. Both fit some types of tumor growth data well, but the SDM appeared more robust, particularly where experimental data are sparse.
INTRODUCTION

For cancer chemotherapeutic agents, a delay is often observed between the time course of drug concentration [pharmacokinetics (PK)] and effect [pharmacodynamics (PD)].
A quantitative and predictive understanding of the PK/PD relationships for anticancer drugs could contribute to the design of improved therapies. Two broad types of models frequently have been used to describe a temporal dissociation of PK and PD: "biophase" models (1) and "indirect response" models (2) . In the biophase model, the drug concentration profile at a hypothetical effect site is determined by plasma PK and the distribution parameter k eo , and it assumes that equilibration of the drug between plasma and effect site is relatively slow. This approach has been successful for some cardiovascular and CNS drugs (1, 3) . A key characteristic of the biophase model is that the time of peak effect is dose independent and largely constrained by plasma PK; that is, the onset of effect cannot occur days or weeks after drug is eliminated from body. The biophase model rarely is used to model PD responses to cancer chemotherapy, where complex pharmacological events can result in effects being observed long after clearance of the drug from the effect site.
Indirect response models represent a second approach to account for temporal dissociation of PK and PD. They are based on the turnover concept [reviewed in (4) ], in which drug acts upon the rate constants for production (k in ) or elimination (k out ) of one or more PD response biomarkers. Signature features of indirect response models include an initial change in the magnitude of effect that progresses from baseline to a peak (or nadir), followed by a return to baseline as drug is eliminated from the body. In contrast to the biophase model, the time to peak effect is dose dependent; a larger dose results in a later peak effect because of the increased time that drug concentrations exceed the half-maximal effect concentration (EC 50 ) (5) .
An alternative approach based upon transduction processes has evolved to address mechanistic features of pharmacological systems that are not well-suited to biophase or basic indirect response models. In these "transit compartment" models, observed responses can lag behind the plasma PK as a result of rate-limited pharmacological effect cascades and, therefore, accommodate situations in which signal transduction processes are involved in response generation (6, 7) . Conceptually, the events intervening between drug/receptor interaction and the observed PD effects are responsible for temporal dissociation of the drug concentration/effect curves. Standard PD models characterize such delays poorly. Because the intervening steps in transduction cascades often cannot be measured readily, transit compartment models make two important assumptions: (1) Pharmacokinetic effects within the cells or tissues do not affect the drug signal transduction rate; (2) drug signal transduction through unknown intervening transit compartments proceeds with a common mean transit time.
Here, we compared the properties of two promising transduction models that were developed to describe the PD of anticancer agents. The issue of model interchangeability was evaluated using data simulated by the models themselves. The utility and fidelity of the models in capturing in vivo antitumor responses to chemotherapeutic agents was investigated by applying the models to compare their performance in the analysis of PD effects of a drug-resistant murine tumor to paclitaxel in a liposomal formulation. In order to accommodate the biodistributional characteristics of paclitaxel formulations, a suitable PK model was developed from literature data obtained from mice.
THEORY
Two PK/PD models potentially suitable for modeling delayed anticancer drug effects upon tumor volume were identified in the literature (8, 9) . The strength of both is that they incorporate a combination of empirical and mechanismbased elements that are well-justified based on known mechanisms of anticancer drug action and would be extensible as additional mechanistic information or empirical data are obtained. This extensibility is an advantage given broad interest in relating highly detailed mechanistic information at a molecular/cellular level to the effects of chemotherapeutic agents on a systems pharmacological level.
The cell distribution model (CDM) (8, 10 ) is based on a system of simple transit compartments that link dosing regime (PK) to tumor growth response (PD). The mass of the untreated tumor increases as cells traverse the cell cycle according to a growth model. Conceptually, the effect of drug is not to eliminate tumor cells directly; rather, drug acts via a second-order cell-kill rate constant (k), which, in conjunction with plasma drug concentrations (C p ), governs the proportion of cells that are shunted into a transduction cascade that ultimately progresses to cell death and removal (Fig. 1a) . The measured tumor volume therefore consists of the proliferating cell mass plus the terminally committed cells within the transduction cascade that are not yet eliminated. Differential equations and initial conditions of the CDM are as follows:
where M 1 represents cycling cells, g[M 1 , w(t)] is the growth function of cycling cells, C p is plasma concentration of drug, τ is the mean transit time, k is the second-order killing constant, w(0) is the initial tumor size or number of proliferating cells, and M 2 -M 4 refer to the terminally committed cell compartments; their initial value is zero. Tumor size, w(t), is the sum of all the compartments; wðtÞ ¼ P M i . A signal distribution model (SDM) (9) was originally developed simply to describe the growth rate of tumor cells in vitro as a function of time after exposure to varying concentrations of methotrexate (MTX) (9) . A schematic is shown in Fig. 1b . In the SDM, drug acts upon a receptor, which initiates an effect signal that is transduced through a cascade of transit compartments. The magnitude of the initial response is related to drug concentration, and the temporal profile of the response changes as it propagates through the intermediate compartments (6, 7) . At the end of the transduction cascade, the drug bio-signal results in the death of a fraction of the cycling cell population. Thus, in the SDM, the killing effect is exerted through the transduction cascade rather than directly upon the cycling cells. In this subtle but significant respect, the SDM differs from the CDM.
The differential equations and initial conditions for the SDM are as follows:
where R represents the population of cycling cells, g(R) is their growth function, k max is the maximum cell kill rate, and IC 50 is the plasma drug concentration producing 50% of k max .
The killing effect can also be modeled as a linear function (kC p ) that is dependent upon the nature of the drug effect. The initial condition for R is the initial tumor size and for K 1 -K 4 is 0. In the SDM, the tumor volume consists only of cycling cells, i.e., w(t)=R.
Tumor growth functions. Tumor cell growth under unperturbed conditions has been described using numerous relationships. Three were examined here: (1) exponential growth (first-order), (2) first-order growth with a logistic function that constrains the maximum tumor size, and (3) the unperturbed growth model of (8) . Simple exponential growth is defined as:
where k g is the first-order rate constant of net growth (equivalent to a first-order growth rate constant minus a firstorder death rate constant). This expression can be modified using the logistic function that describes a maximum tumor volume (R ss ):
when R is very small, the ratio of R/R ss approximates to zero and the growth approaches first-order. When R approaches R ss , the ratio of R/R ss approximates 1, and the net growth approaches zero. The logistic function is applicable when a plateau in tumor volume is observed. The equation for the unperturbed growth model (8) is:
where k g0 is a zero-order growth rate constant. In the original publication, = was fixed to a large value (i.e., 20) to allow the system to transition sharply from first-order to zero-order kinetics. When w(t) is small, k g wðtÞ=k g0 % 0 and g M 1 ; wðtÞ ½ ! k g M 1 ; thus, growth resembles a first-order model (Eq. 10). When w(t) approaches a certain value, k g wðtÞ=k g0 >> 1 , 1 is negligible in the denominator of Eq. 12, so g[M 1 , w(t)]→k g0 and the function tends toward zero-order. The unperturbed model often is used when the growth rate switches from first-order to zero-order upon reaching an inflection point.
MATERIALS AND METHODS
Evaluation of PD Model Interchangeability
Simulations
We employed an approach similar to previous work (11) that evaluated the interchangeability of several empirical Fig. 1 . Two transduction-type pharmacodynamic models to capture chemotherapeutic drug effects upon tumor cell volume. a Cell distribution model (CDM) described in (8) ; the action of drug is to transition a fraction of cycling cells into a transduction cascade that progresses to cell death and removal. b Signal distribution model (SDM) described in (9); drug interaction with a receptor initiates transduction of a pharmacological signal that propagates through a cascade, and the drug bio-signal ultimately results in the death of a fraction of the cycling cell population. a, b Symbols and abbreviations are defined in "THEORY". c PD profile of the SDM fitted to a sparse data set (6 points) simulated with error and parameter variability by the CDM, using the original parameters reported (8) for fitting in vivo A2780 human ovarian tumor growth in animals that were untreated ("control") or treated with 30 mg/kg Cre-pac ("treatment"). NONMEM was used for the fitting. Symbols represent simulated data points and lines represent mean predicted profiles. Shaded area shows the 95% confidence interval based on a 1,000-point Monte Carlo simulation. d PD profile of the CDM applied to a dense (1,000 points) data set simulated by the SDM without error or variability using the original parameters reported (9) for fitting the in vitro response of Sarcoma 180 cells to various concentrations of MTX over a 20-day period. Symbols represent simulated data points and lines represent the model fit: control, black solid line; 0.19 μg/mL, brown dash; 2 μg/mL, green dash-dot; 14 μg/mL, blue long-short-short dash; 140 μg/mL, red long-short dash. For clarity, symbols mark only one of every 50 data points models of pharmacological tolerance. Dense (36 points) and sparse (6 points) data were simulated with and without error according to the original data and descriptions of both cancer PD models (8,9) using a nonlinear mixed effects approach implemented in NONMEM (Version 6, ICON, Columbia, MD). Simulations using the CDM were based upon data for A2780 human ovarian tumor growth in athymic mice treated with 30 mg/kg paclitaxel every 4 days for 3 weeks (8) . In that study, paclitaxel was administered in the standard clinical formulation, which contains Cremophor EL/ethanol (Crepac). The PK/PD structural model and parameters used here were taken from the original publication (8) . Simulations using the SDM were based upon the data and PD analysis for Sarcoma 180 cells exposed in vitro for 24 h to different concentrations of MTX and monitored for up to 20 days (9). The PD parameters used for the CDM and SDM simulations are listed in Table I .
In each simulation, a 10% CV on all PD parameters was assigned in an exponential manner: θ pop exp(η i ), where individual parameters are given by the population value (θ pop ) and intersubject variability (η i ). Residual error (10%) was also incorporated into each simulation using a proportional error model, and each simulation contained 500 subjects.
Analysis of the Simulated Data
PD profiles simulated by one model were analyzed by the alternate model using NONMEM. Inter-individual variability was described by an exponential model, and the residual error model was defined by a combination of proportional and additive errors:
The first-order conditional estimation method was used to estimate population means and variances of the parameters. The criteria for evaluating model performance was based on changes in the NONMEM objective function value, goodness of fit plots, including simulated vs. individual or population predicted observations, as well as weighted residual plots. Monte Carlo simulations using final parameter estimates were conducted (n=1,000) to perform a visual predictive check of the final model. To increase model flexibility and allow for the best fitting of the data, three tumor growth functions (Eq. 10, 11, and 12) were evaluated.
Comparison of PD Model Behavior in the Analysis of Tumor Therapeutic Responses
Pharmacokinetic Model for Paclitaxel
A PK model is necessary as a driver for the PD models under investigation. Because paclitaxel is poorly soluble in water, the clinical formulation (e.g., Taxol®) contains Cremophor EL and ethanol. Cremophor EL can cause acute, severe anaphylactoid responses in humans (12, 13) , and a variety of alternative formulations have been developed, including microparticulate phospholipid-based (liposomal) formulations (L-pac) (14) (15) (16) . In both animal models and humans, the toxicity of L-pac is significantly lower than that of Cre-pac (15, 17, 18) , and therefore, analysis of PD data for L-pac was a motivating interest for this work.
PK data for L-pac in the specific tumor model employed were not available, and it was necessary to develop a PK model that captures key characteristics of the formulations. Cre-pac exists as a microemulsion at the time of administration (19) , from which drug is released to plasma. Liposomes similarly represent a circulating reservoir from which drug may be released (20) . Therefore, the PK model included an additional compartment (A 1 ) to represent drug incorporated in the circulating carrier (Fig. 2a) . A key assumption is that after release of paclitaxel from either vehicle in the blood, the free drug binds rapidly to plasma proteins (20) (21) (22) , and the subsequent pharmacokinetic processes affecting released drug are identical for both formulations. This is consistent with a previous mechanism-based analysis of Cre-pac PK (23) .
The differential equations describing the PK model are as follows:
where A 1 and A 2 represent the amount of drug associated with the carrier or released into the central compartment, respectively. A 3 is a peripheral distribution compartment, and V c is the central volume. First-order rate constants k 12 and k 21 describe drug transfer between the central and peripheral compartments. The k rel term accounts for drug released from the carrier, and k deg represents drug remaining in the carrier that is cleared/ degraded by the reticuloendothelial system (RES). Both are assumed to be first order. In the final model, Cre-pac is dosed directly into the central compartment (A 2 ) because inclusion of the drug-release term did not improve model fits (RESULTS). Drug concentrations are equated as A 2 /V c ; A 1 , k rel and k deg are fixed to zero. For L-pac, the observed concentration (i.e., total drug in blood or plasma) is the sum of liposome-associated drug and released drug, that is, (A 1 +A 2 )/V c . It is important to emphasize that released drug in blood consists of both free (unbound) and protein-bound forms. Elimination from the 
or linear disposition (k 10 ). PK data for L-pac and Cre-pac in mice were taken from the literature (16, 24, 25) . For application to the therapeutic data analyzed here (15) , it was necessary to assume that paclitaxel PK is independent of the mouse strain and that the tumor does not alter paclitaxel blood PK appreciably. The available plasma data included i.v. doses of 2, 5, 10, and 20 mg/kg Cre-pac and 5 and 20 mg/kg L-pac. Numerical values were digitized from published figures using Graph Digitizer (v2.16).
Pharmacodynamic Models
Tumor responses to multiple doses of both Cre-pac and L-pac were reported for the highly paclitaxel-resistant murine Colon-26 tumor model (15) . Treatment was initiated when tumors were well-established (day8). Drug was administered i.v. on three successive days, and treatment was repeated weekly for 3 weeks. Cre-pac was therapeutically ineffective at any dose, and the data are not included in this analysis. L-pac was administered at 10, 40, and 60 mg/kg and was effective at arresting tumor volume progression at the two higher doses. Tumor volumes were determined by caliper measurement.
Both the CDM (Fig. 1a) and SDM (Fig. 1b) were applied to these treatment/response data. The PK appropriate for Lpac was fixed as a driving function for the PD models. Three tumor growth models (Eq. 10, 11, and 12) were tested to allow the greatest flexibility and best fitting for each model.
Data Analysis
The PK/PD analysis strategy was based on a naive pooled approach. The variance models were defined as follows: Goodness of fit was assessed by model convergence, visual inspection, precision of the parameter estimates, Akaike information criteria (AIC), Schwarz criteria (SC), and examination of residuals. The maximum likelihood method was applied for parameter estimation using ADAPT II (26) .
RESULTS
The CDM has been shown to describe tumor growth kinetics well for numerous tumor models, treatment regimens, and chemotherapeutic agents (8) . The SDM, however, has only been applied to in vitro data for tumor cell growth inhibition by MTX. Therefore, the performance of both models for fitting other types of data was evaluated.
Simulation Studies
Data Simulated by CDM and Fit by SDM
In order to create simulated data sets for model comparison that resemble authentic tumor responses to chemotherapy, the CDM was used to simulate tumor growth based on the response of A2780 human ovarian tumors in athymic mice to 30 mg/kg Cre-pac, using data and parameters from the original publication (8) . The tumor response to drug Fig. 2 . Pharmacokinetics of paclitaxel in Cremophor-or liposomebased formulations in mice. a Schematic of the pharmacokinetic model developed to fit data for the Cre-pac and L-pac formulations simultaneously. To accommodate the delayed release of drug from the liposome vehicle and clearance of the carrier by the RES before drug release, an additional compartment (A 1 ) was added. It was not necessary to include a drug release term for Cre-pac to obtain satisfactory model fits (RESULTS). b Plasma concentration profiles of Cre-pac and c L-pac formulations administered i.v. to mice. Symbols represent the data points digitized from the original publications (16, 24, 25) . Lines represent the simultaneous fit of the PK model to data for both formulations (Fig. 1c) is typical of observations in many systems in that there is a period of slow growth of varying duration, followed by a phase of rapid tumor growth. Both dense and sparse data sets were simulated, with and without error, based on data from untreated-and Cre-pac-treated animals. The SDM was then used to fit these data sets. Three different tumor growth functions were tested, and the SDM incorporating the unperturbed growth model of (8) best fit the tumor progression data [Eq. 12, with M 1 and w(t) set to R, substituted for g(R) in Eq. 5].
The sparse data set (6 points) simulated by the CDM was very well described by the SDM (Fig. 1c) , which characterized tumor growth kinetics satisfactorily for treated and untreated animals. PD parameters were estimated with good precision (Table II) . The unperturbed growth function parameters (k g , k g0 ) estimated by fitting are similar to the values used for simulation (Table II) . A similarly good fit with similar final parameter estimates was also obtained for the dense data set (not shown).
Data Simulated by SDM and Fit by CDM
Sparse and dense data sets simulated with or without error by the SDM (9) were fit by the CDM using NONMEM. The original data set captured in vitro tumor cell growth rates in response to varying concentrations of MTX (Fig. 1d) . The lowest concentration of drug resulted in a cell growth response similar to the in vivo responses of the A2780 tumor to Cre-pac (Fig. 1c) . However, the higher, more effective concentrations of drug showed a pronounced delay in onset of effect (approximately 48 h), which resulted in a decrease in cell number that is analogous to a reduction in tumor volume by treatment. Eventually, cells exhibited a phase of recovery and then expansion (symbols in Fig. 1d) .
Neither dense nor sparse sets of these data could be described well by the CDM, and all NONMEM runs failed to converge acceptably. In order to evaluate model performance, the CDM was fit to a very rich data set (1,000 data points per dose level), simulated without error or variability in PD parameter values, using ADAPT. Figure 1d shows the simulated cell counts. For clarity, only approximately 20 of the 1,000 points/dose level are marked with symbols. Despite the rich sampling scheme, parameter estimates were unreliable (Table II) , and fitting of the data was poor. Notably, the model failed to recapture the duration of the initial growth delay and time of peak effect (Fig. 1d) . None of the three tumor growth functions tested improved the final fits of the CDM to these data (not shown). In addition, initial parameter estimates were varied 10-and 100-fold to determine whether the choice of initial values unfairly biased model fitting. However, these efforts also failed to improve model fitting criteria.
Pharmacokinetics of Paclitaxel
A data set consisting of Colon-26 tumors treated with a liposomal formulation of paclitaxel was used in an additional evaluation of both models. However, the PK data necessary to drive the PD models were not available. Therefore, a suitable PK model was developed based on data from the literature. The model incorporates key characteristics of carrier-based drug formulations (Fig. 2a) : Drug resides within the vehicle at the time of injection and comprises a compartment from which drug is released into the plasma. Cre-pac exists as a circulating micellar compartment (19) , whereas drug in L-pac initially is embedded in the liposome membrane (27) . Drug release was assigned a first-order rate (k rel ). Sequestration or degradation by the RES system represents a second clearance mechanism for particulate carriers and was also assigned a first-order rate (k deg ).
Data for blood concentrations of Cre-pac (Fig. 2b ) and Lpac (Fig. 2c ) in mice (16, 24, 25) were fit simultaneously by the PK model developed. A two-compartment non-linear model provided the best simultaneous fit for plasma concentrations, and the estimated PK parameters are summarized in Table III . Subsequent to the distribution phase, the blood PK profiles were essentially identical for L-pac and Cre-pac (Fig. 2b, c) , fulfilling a key assumption of the modeling strategy.
The rate of paclitaxel release from the circulating carrier (k rel ) may represent a key mechanism by which the formulation differs pharmacodynamically in animal models and humans. Release from liposomes was estimated successfully (7.17 h ), corresponding to a release half-life of approximately 6 min in mice. The inclusion of a drug release term was investigated for Cre-pac but did not appreciably improve fitting of the available data. The estimations suggested that drug release from Cre-pac Mechanism-based analysis of Cre-pac PK shows that the kinetics of drug released from the carrier are linear (23) and that accounting for (1) direct proportional binding to Cremophor, (2) linear and nonlinear binding to plasma proteins, and (3) linear and nonlinear binding to blood cells can account completely for nonlinearities in drug exposure (25, 28) . Our goal was to derive the simplest pharmacokinetic model that described adequately the L-pac concentrationtime profiles, in order to provide the appropriate input to the PD analyses. The simplified model derived (Fig. 2a) appeared adequate for that purpose.
Pharmacodynamic Analysis of Colon-26 Tumor Growth
Using the developed PK model as a driving function, the CDM and SDM were applied to analyze the therapeutic effects of L-pac in a drug-resistant murine colon cancer model (15) . In this model, as in humans, L-pac was significantly less toxic than Cre-pac, and doses of Cre-pac at or above the maximum tolerated dose were ineffective in delaying tumor volume progression (not shown). Notably, Cre-pac dosed repetitively at 30 mg/kg per injection (270 mg/kg cumulative dose) was uniformly lethal over a 3-week regimen and had no discernable antitumor effect. In contrast, L-pac dosed at 9× 40 mg/kg per injection (360 mg/kg cumulative dose) was uniformly survived (n=10 mice) and showed arrest of tumor volume progression (Fig. 3) . L-pac dosed at 60 mg/kg per injection also arrested tumor growth but was uniformly lethal after administration of only six doses (360 mg/kg cumulative).
Data for the higher doses of L-pac were analyzed using both the CDM and SDM. Because 10 mg/kg per injection Lpac had no statistically significant effect, that data were modeled in the simultaneous fitting as equivalent to control animals administered vehicle alone.
The CDM described the Colon-26 tumor growth reasonably well overall, and the original unperturbed growth model (8) appeared to provide the best fit to these data. However, the therapeutic response to the highest dose of L-pac (60 mg/ kg per injection) was overestimated (Fig. 3a) ; the model suggested an increased reduction of tumor volume with increased dose, which is inconsistent with the data. The parameter estimation is presented in Table IV . The τ (mean transit time) parameter was initially estimated as 4.5 days, and the CV was large. Therefore, τ was fixed to 4.5 days to obtain the best and final fit.
The SDM achieved a relatively better fit of the same data (Fig. 3b, Table IV) . Notably, the response curve for the highest dose of L-pac (60 mg/kg per injection) was captured well, and the model accurately predicted efficacy to be no greater than observed for the lower effective dose (40 mg/kg per injection). The logistic growth function (Eq. 11) provided a better fit of the data than did a simple first-order growth model (Eq. 10), and the parameter estimation is presented in Table IV . The IC 50 was fixed to 0.08µg/mL, which was obtained from in vitro experiments with Colon-26 cells (29) . τ was estimated with good precision (CV = 15.2%) as 1.21 days. Based on visual inspection, the SDM achieved better fitting for Colon-26 tumor growth than did the CDM. The SDM also resulted in lower values of the AIC (−59.4 for 
DISCUSSION
A temporal delay between peak drug concentrations and therapeutic effects such as tumor growth inhibition is commonly observed for cancer chemotherapeutic agents. Capturing this delay in mechanistically based PD models can provide insight into system-level pharmacological effects and assist in the development of new therapies (30) . The objective of the present research was to investigate the behavior of two PD models of anticancer drug action. Both models incorporate the concept of transduction processes as a mechanism underlying the concentration/effect temporal displacement. One key assumption that they share is that the transit compartments are homogeneous, and pharmacokinetic processes do not affect the time of signal propagation. This assumption allows the transduction cascade to be simplified to a varying number of steps (compartments) having a mean transit time (τ) between steps. The strength of such models is that when the PD response is rate-limiting, rather than PK, peak drug effects can lag behind plasma concentrations. Accommodating this lag in PK/PD models has been an enduring challenge in the field of quantitative pharmacology. The models investigated here are able to capture faithfully the experimentally observed characteristics of drug onset and recovery.
An advantage common to both models is the integral concept of an IC 50 (which is stated explicitly in the SDM) or effective threshold drug concentration (derivable mathematically from the k g /k ratio in the CDM). Threshold concentrations estimated by application of the CDM to preclinical data correlated with typical therapeutic doses for select chemotherapeutic agents (31) , emphasizing the clinical translational potential of this approach. Here, we observed that the SDM provided excellent fits of in vivo tumor responses based upon in vitro IC 50 data for the Colon-26 cell line. Because the IC 50 usually is available for anticancer drugs and tumor models, this feature permits the further constraint of the model by empirical data.
Despite similarities between the models, they are distinct in several respects. The mechanism of tumor volume reduction differs: Whereas the CDM models the delay in tumor response to drug as the duration over which cell death occurs, the SDM attributes the delay to signal transduction processes intervening between drug/receptor interaction and the killing event. Both models employ homogenous transit compartments connected in series, which translates into an Erlang Fig. 4 . Simulation of the effect of the mean transit time parameter upon tumor growth. The effect of the signal transit time (τ) upon tumor volume progression in the presence of a fixed concentration of drug was examined for the two models by simulation. A first-order unperturbed growth model (Eq. 10) was employed for both the CDM and SDM, and the Hill equation in the SDM (Eq. 6) was reduced to a simple linear function (kC p ). The values of the model parameters were fixed for both models: k=0.5, k g =0.1, w o =0.05, C p =1 unit. Importantly, the drug concentration (C p ) was 5-fold greater than the effective threshold concentration, i.e., the k g /k ratio in the CDM. Ordinate represents magnitude of effect (arbitrary units). a Behavior of the cell distribution model; b behavior of the signal distribution model probability density function (10) . It is likely that both the cellkill signal and the proportion of cells committed to cell death are defined by such distribution functions. This emphasizes the challenge in selecting model components for PD systems analysis, which necessitates elucidation of the processes that are more dominant for a given drug, its mechanism of action, and the observed time course of tumor growth kinetics. For example, because the irreversible killing effect in the CDM is acting directly upon the proliferating cell pool (Fig. 1a) , the model's flexibility to capture prolonged delays in the onset of effect is somewhat limited. This point was identified by performing simulations examining the effect of mean transit time (τ) on tumor growth. The CDM failed to mimic a long delay in onset of effect (Fig. 4a) , even with a larger value of τ, whereas the SDM had sufficient flexibility to capture the delay (Fig. 4b ). An additional difference between the models is the effect of dataset density. The SDM showed better performance with simulated data sets that were sparse, which is notable in that experimental data on tumor volume progression often are sparse. Nonetheless, experimental and computational approaches are available to support the application of either model to sparse data sets. For example, where infrequent sampling appears to affect identifiability of the mean transit time through the transit compartments in the CDM, in vitro cell growth inhibition studies might be used to estimate delays in onset of drug effect, from which mean transit time could be approximated. Such approximations can be optimized further using a MAP Bayesian algorithm for model fitting (32). Finally, staggered sampling designs, coupled with nonlinear mixed effects modeling, can also improve the ability to estimate model parameters accurately.
Within the scope of the present study, it was not possible to map comprehensibly the domains of concordance and discordance of the two PD models under discussion. More extensive approaches for sensitivity analysis of PK/PD models have been described (33) . Extensive simulations of scaled (or non-dimensionalized) models have also been used to evaluate and compare models and to assess the validity of model assumptions (34) . In addition, simulation of a greater range of drug input profiles could yield insight into the types of data for which the models are most appropriate. Nonetheless, the data sets that were simulated or taken from the literature permitted the identification of important differences in the behavior of these two useful tumor PD modeling approaches. Selection of any model for specific data will be guided by an understanding of the degree to which the model structure appears to match known mechanisms underlying drug response, as well as by the evaluation of objective criteria, as performed in these studies.
Insights gained from the application of these models are directly relevant to the development of paclitaxel-based therapeutics. As with most nonlinear systems, testing a suitable range of drug concentrations is required to ascertain specific system properties, such as the capacity of the pharmacological response. The overlap observed in the Colon-26 tumor growth curves for the two highest dose levels of L-pac (40 and 60 mg/kg; Fig. 3b ) suggests a capacity-limited response, which was described reasonably by incorporating a saturable PD function (Eq. 6). Thus, the PD analyses captured formulation-dependent therapeutic responses in a quantitative, systems framework, and richer data sets could investigate dosing schemes with L-pac that are efficacious but non-saturating in terms of antitumor effect.
CONCLUSION
The CDM and SDM are both useful models for the analysis of tumor responses to chemotherapeutic agents. Both capture known mechanisms of anticancer drug responses, but they are not interchangeable. The application of these models to therapeutic data for a liposomal formulation, which is less toxic than Cre-pac in animals and humans, yielded novel insights, such as the possible existence of a capacity-limited response of this highly drug-resistant tumor to paclitaxel therapy. Given that the SDM and CDM represent similar but mechanistically distinct approaches to describing anticancer drug action, a future evolution of these models could incorporate features from both. However, such a detailed pharmacological system model would require experimental data that capture the key processes driving both model mechanisms, in order to provide adequate identification of model parameters.
